Abstract-Reliable and reproducible research in vehicular networking demands, among other requisites, a suitable representation of road traffic. We leverage real-world fine-grained measurement data recorded on the M40 highway in Madrid, Spain, to feed a realistic and properly parameterized microscopic simulation of vehicular mobility. The output is the first dataset of bidirectional highway traffic that is publicly accessible to the vehicular networking community. We leverage the dataset to demonstrate the validity in a complete highway scenario of the three-phase law of vehicular network connectivity, previously proven only on single carriageways.
II. MEASUREMENT DATA: A GLANCE AT ROAD TRAFFIC
In order to represent highway traffic in a realistic way, we leverage real-world measurement data collected on a highway segment. Our data were recorded on the M40, an orbital motorway of Madrid, Spain, by the Directorate General of Traffic (DGT), the Spanish national transportation agency. Magnetic induction loop pairs deployed at three different kilometric points on the M40 gathered timestamped information on the speed of each transiting vehicle. Different magnetic loops on each lane of both carriageways allowed monitoring vehicles on a per-lane basis, on both motorway directions. Fig. 1a illustrates the exact locations where measurements were performed. They are named after their associated motorway kilometric points, 51.2, 52.2 and 57.0: there is thus 1 km between the first two points, and around 7 km separate the first and third point. Also, the carriageways heading North-East and South-West are indicated as C (for creciente, i.e., increasing), and D (for decreciente, i.e., decreasing), respectively; both have four lanes at all measurement points.
The data we use in our study were gathered during five consecutive working days, Monday to Friday, during a week in April 2015. On each day, measurements cover the period between 5 am and midnight, i.e., negligible overnight traffic is not monitored. We stress that this is a much longer time period than those considered in previous works [6] , [7] . The data are also very accurate: vehicle transit is recorded at every 100 ms, whereas typical road traffic monitoring systems aggregate statistics over minutes.
The top plot of Fig. 1b shows the in-flow at 51.2 C, i.e., the number of vehicles transiting by the first measurement point in the North-East direction, as captured during the five days covered by the data. The bottom plot displays instead the speed recorded at the same location and time. We observe a heavy traffic peak in the mornings of all days, which causes a significant reduction of speed. Denser traffic also characterises the hours around lunch and late in the afternoon, although without impact on the travel speed. These patterns reflect typical commuting behaviors on M40. Fig. 1c and Fig. 1d portray the same figures of merit, for 52.2 C and 57.0 C: the time series are nearly identical to those for 51.2 C.
Interestingly, the trends change when considering the opposite travel direction. Fig. 2 shows the in-flow and speed observed at 57.0 D during the same five days. Differences are remarkable: the traffic peak, although still apparent in the morning, has been shifted to the afternoon. As a result, road congestion and reduced speed appear later during the day. These observations capture the alternance of commuting, with most drivers travelling on the C direction in the morning and returing along the D direction in the afternoon.
The previous results refer to statistics that are aggregate over all lanes. When considering each lane separately, we notice a substantial heterogeneity. For instance, Fig. 3 reports the temporal dynamics of in-flow and speed on separate lanes at 51.2 C. Clearly, both measures change across lanes, with higher speed on the leftmost lane 4, higher in-flow on the center-left lane 3, and lowest speed on the rightmost lane 1. Again, these results reflect well real-world driving behaviors, such as increasing speeds from the rightmost to the leftmost lane or a tendency to stay in the central lane.
Overall, these result provide multiple examples of how our measurement data capture a variety of realistic phenomena in highway traffic, and are a sound basis for our investigation. 
III. MOBILITY SIMULATION: BLENDING DATA & MODELS
We feed the road traffic data to a simulator of microscopic vehicular mobility, so as to generate highway traffic datasets that describe the movement of each individual vehicle on the target motorway segment. This requires: (i) denoising the measurement data; (ii) verifying that a quasi-stationary state exists between the measurement points; and, (iii) parameterizing the simulation models so that they accommodate the real-world data. We discuss these three steps below.
A. Measurement data denoising
As typical of real-world data sources, our measurement data contain errors, mainly due to limitations of the magnetic induction loop technology. We identify and solve the following flaws:
Duplicated vehicles. Induction loops have a tendency to count twice the same vehicle, resulting in two transits at identical speed occurring in a very short timespan. Setting a one-second inter-arrival time threshold on subsequent vehicles with the same speed removes this error.
Inaccurate speed. Many transit events are associated with speeds that are plain unreasonable, i.e., null or extremely high or low with respect to those of the preceding and following vehicles. We solve this problem by setting the speed of a vehicle to the average of those of the ten previous cars that transited on the same lane, whenever its original recorded speed exceeds twice that value or falls short of half of it. Unsafe driving conditions. These errors, which may partly be ascribed to the hazardous driving style of some people, result in vehicles travelling at very high speeds and very close to the vehicle in front. Independently of the source of the problem, no simulation model can handle such situations, which could cause accidents on real roads. We address them by fixing the velocity so that safe driving circumstances are restored, by transforming simple equations of linear dynamics. Specifically, we remove vehicles that travel exceedingly close to their front car, i.e., which verify the following condition
where v i−1 is the speed of the front vehicle (in m/s) on the same lane, h i is the headway time (in s) with respect to the same front vehicle, i.e., the inter-arrival time between the current vehicle and the previous one on the same lane, and (set to 5 meters in our tests) is the typical length of a vehicle plus the minimum bumper-to-bumper distance. Also, we set the speed of a vehicle to that of the preceding car on the same lane if their combination of velocity and distance does not allow avoiding an accident at full braking deceleration, i.e., if
where v i is the speed of the target vehicle (in m/s), and b is the maximum deceleration (in m/s 2 ). Tab. I summarizes the percentages of vehicles whose measurement data were fixed according to each of the actions presented above. Percentages remain reasonably low and are consistent across carriageways C and D and days, which warrants that real-word dynamics are preserved. In Fig. 1-3 , we observed how diversity is much higher across carriageways and lanes than when comparing different measurement points along the same direction. This lets us speculate that traffic conditions on the considered road segment may be quasi-stationary, i.e., they are comparable between the in-flow (51.2 C and 57.0 D, on each carriageway respectively) and out-flow (57.0 C and 51.2 D, respectively). A very common assumption in vehicular network simulations, quasi-stationarity avoids that uncontrolled road traffic phenomena introduce a bias in the performance evaluation of the vehicular network.
In order to verify if the road traffic conditions are stable in our scenario, we investigate the correlations between in-flow and speed recorded at the different measurement locations on the same direction. We thus bin the data recorded at each measurement point over 10 and 30 seconds time intervals, and compute the average in-flow and speed on each bin. We then observe how such values compare across subsequent measurement points, for the C and D directions separately. In doing so, we take into account the time needed to travel from one measurement location to the next one, using the current average speed: e.g., if the average speed at 52.2 C is 100 km/h, the in-flow and speed at such point will be compared with those computed at 57.0 C 180 seconds (the time needed to travel the 5 km separating the two kilometric points) later.
Tab. II summarizes the Pearson correlation coefficients. Values are farily high in all cases, and range between 0.8 and 0.95 depending on the time bin length and measurement points pair. We conclude that quasi-stationarity is an acceptable approximation for the road traffic conditions on the considered M40 segment. Interestingly, this result implies that a couple of interchanges with in-and out-ramps between the measurement points do not affect significantly the observed traffic dynamics.
C. Parameterizing microscopic mobility models
Our simulator implements well-known and widely adopted models of individual drivers' behavior: the car-following Intelligent Driver Model (IDM) [8] and the lane-changing model MOBIL [9] . These microscopic-level models have a number of parameters: default values based on experiments are available, but they are the same for all vehicles and do not reflect the heterogeneous driving styles encountered in real-world measurement data.
In order to properly parameterize the models, we resort to the approach proposed in [7] . We thus maintain the default values for the maximum acceleration and deceleration, minimum vehicle distance, politeness factor when overtaking, acceleration biases favoring use of the rightmost free lane, and hysteresis to avoid too frequent lane changes. Instead, we set two key parameters, i.e., the maximum desired speed and the minimum safe time headway, on a per-vehicle basis. This is done in two steps: due to space limitations, we briefly sketch them below, and refer the reader to [7] for full details.
• We compute the distributions of the maximum speed and safe time headway of vehicles on each lane of the two carriageways, as recored at their respective entry points 51.2 C and 57.0 D. The former are derived by considering traffic in free-flow conditions only, i.e., when drivers can keep their desired speed; the latter are computed using road traffic theory laws, from information on the vehicle density and average speed. Examples of these distributions are portrayed in Fig. 4 .
• We tailor these distributions to each single vehicle, by truncating them at its recorded speed and time headway when entering the road segment. Drawing a random value from the tailored distributions allows associating to each vehicle a maximum desired speed and a minimum safe time headway that are consistent with (i.e., respectively not lower nor higher than) the values recorded in the measurement data.
D. A new dataset of bidirectional highway traffic
We run simulations of road traffic on the target M40 segment in quasi-stationary conditions, by feeding our denoised measurement data to the microscopic-level mobility models parameterized on a per-vehicle basis. The resulting dataset describes five days of bidirectional highway traffic, and is the longest and most complete dataset of its kind to date.
For the sake of reproducibility and verifiability, and to support reliability in the simulation of vehicular networks, we plan to make our simulator and the resulting road traffic datasets openly available to the research community 1 . 
IV. VEHICULAR NETWORK CONNECTIVITY: THE THREE-PHASE LAW ON BIDIRECTIONAL HIGHWAYS
We investigate the topological properties of vehicular networks supported by direct vehicle-to-vehicle communication, in the realistic highway environment granted by our original mobility dataset. Specifically, we focus on verifying if the three-phase law of connectivity proven for unidirectional highway traffic in [7] also holds also in presence of bidirectional traffic. We model the vehicular network as a graph, where vehicles map to nodes and communication links to edges. We then study how the number C of connected components (i.e., graph subsets such that no edge exists between nodes in two different subsets) and the size of the maximum component S max (i.e., the number of vehicles in the largest of such subsets) vary with the number N of nodes in the graph.
Components map to clusters of vehicles that can communicate via multi-hop transmissions, and their number C is proportional to the fragmentation level of the vehicular network. The number of nodes is a proxy for the road traffic density. The three-phase connectivity law states the following.
I. For low values of N , C grows quasi-linearly and S max slowly increases with the number of vehicles. That is, vehicles are isolated and create single-node components in sparse road traffic conditions. II. Once a threshold in N is attained, C starts decreasing and S max starts increasing faster with N . In other words, as the road traffic intensity grows beyond a critical value, additional vehicles join existing multi-hop clusters and improve the overall connectivity. III. After a second N threshold, C equals one and S max equals N , for any N . Beyond a specific road traffic volume, the vehicular network becomes fully connected. The three-phase law remains valid also in the case of bidirectional traffic. Analyses with our original five-day dataset unveil that the three phases outlined above are exactly reproduced when simultaneously considering road traffic on the two opposite carriageways. This is shown in Fig. 5 , which portrays the dynamics of C and S max versus N . The result lets us speculate that the direction of traffic may have marginal impact on the vehicular network connectivity, as long as cars move in a quasi-unidimensional space such as that of highways.
In order to verify the conjecture above, we plot the mean behavior of C and S max versus N in presence of bidirectional traffic, along with those recorded when considering each carriageway in isolation. Basically, we compare the average number of components and largest component size observed at a specific vehicular density, for bidirectional and unidirectional traffic respectively. Fig. 6 shows that the difference is minimal, and we ascribe it to a slightly more uniform spatial distribution of vehicles in the bidirectional case, where cars on opposite carriageways do not affect each other's speed. This leads to a connectivity that is worse for low N and better for high N .
Apart from such a minor diversity, the trends are consistent, which indicates that the three-phase law may hold in even more general unidimensional road traffic environments. For instance, we verified that this is the case under varying communication ranges: the results above refer to a range of 50 m, but the conclusions are identical under larger ranges.
V. CONCLUSIONS
In this short paper, we present original measurement data and use them to feed a properly calibrated simulation of microscopic vehicular mobility. The resulting dataset allows demonstrating that the three-phase law of vehicular connectivity in highway environments also holds in presence of bidirectional road traffic. For the sake of research reproducibility, the datasets employed in our work are made publicly available.
